Abstract. Skull defect reconstruction is an important aspect of surgical repair. Historically, a skull defect prosthesis was created by the mirroring technique, surface fitting, or formed templates. These methods are not based on the anatomy of the individual patient's skull, and therefore, the prosthesis cannot precisely correct the defect. This study presented a new hybrid level set model, taking into account both the global optimization region information and the local accuracy edge information, while avoiding re-initialization during the evolution of the level set function. Based on the new method, a skull defect was reconstructed, and the skull prosthesis was produced by rapid prototyping technology. This resulted in a skull defect prosthesis that well matched the skull defect with excellent individual adaptation.
Introduction
Irregularities of the skull due to birth defect, injury, or illness can cause the brain to be without the protection of a complete skull, resulting in the clinical syndrome of skull defects. In order to restore the integrity of the cranial cavity and maintain a stable physiological intracranial pressure, skull reconstruction should be performed in a timely fashion for the overall wellbeing of the patient.
With the development of medical imaging techniques and information technology, a new skull prosthesis shaping method has been developed [1] . The basic idea of this method is to reconstruct a threedimensional model of the skull defect by way of medical image processing techniques by simulating the anatomy of the patient's skull and creating a personalized skull defect repair prosthesis through a rapid prototyping technique. The use of this technology resulted in an accurate match of the prosthesis to the skull defect to achieve an impressive therapeutic effect [2, 3] .
According to current literature on prosthesis design for skull defects, there are three main methods, the most popular being the mirroring technique [4] . The model of the prosthesis can be duplicated using a geometric axis of symmetry, and although this method has many applications, it is more suitable for the treatment of unilateral skull damage, and less suitable for bilateral skull defects. Because the skull itself is not completely symmetrical, the matching accuracy needs to be improved. The second method is based on surface fitting [5] , such as a Bezier surface [6] and radial basis function [7] , where a fitting surface can be duplicated according to the edges of the defect for an approximate fit. The main limitation of these two methods is that they only provide an approximation based on mathematical applications, without using the actual anatomy of the patient's skull. In order to overcome the limitations of the first two methods, a third method uses a skull template [8] , using a deformation algorithm to approximate an outline of the skull defect. However, the template is usually based on data that are taken from the average human skull. The deformation algorithm obtains the final prosthesis based on the anatomical landmarks on the patient's skull and the template images, but this method is not based on the patient's own skull, and it cannot achieve a personalized prosthesis that highly matches the individual's skull defects.
In order to design personalized prostheses that highly match individual skull defects, this study designed a prosthesis according to the information of the patient's skull and brain tissue. The image of the patient's complete skull outline was obtained by use of a new hybrid level set model, and based on edge and region information without re-initialization. The image of the patient's complete skull outline and the original image of the skull defect were calculated by Boolean operations to obtain the skull prosthesis for repair of the defect. This method, with the introduction of the skull and brain tissue information, can design a personalized prosthesis which closely matches the patient's skull defect, and offers a better repair effect for more complex skull defect areas, such as multiple areas of defects, because of the processing advantage of the topology changes in the level set method.
The next section describes a new hybrid level set method based on edge and region information without re-initialization. Section 3 depicts the use of the new hybrid level set model in combination with information of the patient's skull and brain tissue in the prosthesis design for the skull defect repair. Section 4 contains the discussion.
Method
Rapid prototyping technology was used to produce the prosthesis for the skull defect repair in this study. The operation flow is shown in Figure 1 . In step 1, the skull defect information was obtained from the patient's CT scan data. In step 2, the CT data of the skull defect was processed to acquire a two-dimensional image of a highly-matched personalized prosthesis for the skull defect repair.
Step 3 involved a three-dimensional reconstruction of the skull defects for the prosthesis.
Step 4 involved the production of the skull defect repair prosthesis by rapid prototyping based on the prosthesis model, which was based on the skull defect data.
Image acquisition
A 44-year-old woman completed a consent form before participating in this study. The skull defects were obtained from the CT data performed with a LightSpeed 16 CT scanner (GE medical systems), matrix size of 512 × 512, scanning resolution of 0.449 × 0.449, and thickness of 5 mm.
New hybrid level set image segmentation
The image segmentation was the most essential part of the process, which directly affected the accuracy of the subsequent image processing. In this study, a new hybrid level set method was adopted based on edge and region information without re-initialization. This level set method is widely used in image restoration, image enhancement, image segmentation, surface reconstruction, and other fields due to advantages such as topology change ability, easy extension to higher dimension, and solving without parameterization.
New hybrid level set
The level set model can be divided into two categories: the edge-based model, represented by the geodesic active contour (GAC) model [9] , and the region-based model with Chan-Vese (C-V) model as its typical model [10] .
The GAC model primarily uses gradient information to construct an image of the curve evolution process as a result of the final partition.
The GAC energy function is:
However, when there is a small gap, the evolving contour curve may penetrate the edge, which means the dynamic profile curve will leak.
To overcome the leakage problem, the C-V model was proposed with the use of region information. C-V model energy function is:
All the images were divided into two regions, and ܿ ଵ , ܿ ଶ are the current average gray intensities inside and outside the closed contour curve area.
The C-V model has global segmentation capabilities. Minimizing the energy equation makes the global image fit. The C-V model is superior to the GAC model in segmenting objects with fuzzy edges and significant noise because it is not based on the image's gray gradient information.
However, the C-V model creates a uniform image intensity distribution, which makes the segmentation imperfect while processing medical images with uneven intensity distribution, due to lack of edge information such as the image's gradient information. It is difficult to obtain ܿ ଵ , ܿ ଶ from medical images with complex backgrounds.
In traditional level set methods, the initial curve of the level set should remain as a signed distance function during its evolution, otherwise peaks or valleys may occur if |∇u|‫,1ب‬ and plateaus may occur if |∇u|‫,1ا‬ resulting in unstable iteration during the numerical calculation. Therefore, re-initialization is required after several times of iteration to make the evolving curve remain the signed distance function consistent with the zero level set. The above process results in a time-consuming curve evolution with low efficiency.
Li [11, 12] added an energy functional in the embedding function u because in order to completely avoid re-initialization during the level set evolution, the function u is always a signed distance function and satisfies the condition |∇u| = 1.
An increase in the embedding function u in the energy functional:
Thus, during the curve evolution, if any deviation from |∇u| = 1 happens, the added energy functional will keep the level set function close to the symbolic distance function, making the evolution of the contour near the zero level set, so there is no need to re-initialize.
A new hybrid level set model based on edge and region information without re-initialization and centered on the advantages of the above model was proposed, and it works well for medical images.
Its energy function is expressed as follows:
where α, β, λ is a constant predefined as the weight of each term, I is the entire image to be segmented and g = g(|∇I|) is the gray gradient information. Because calculation of the gradient is very sensitive to the noise, the image I (x, y) needs pre-smoothing. g(|∇I|) is the image edge indicator, usually a function decreasing with the gray gradient. g(|∇I|) trends toward zero at the edges where the maximum gradient exists and it is a higher positive value where the gray gradient trends towards zero. The above definition makes the curve evolution rapid in areas of smooth images but slow at the edges of the image. The first term was based on the region information, where μ was a pre-defined parameter, the value of which was determined by the gray intensity of the target object. In this study, μ was defined as a value less than the gray intensity value of the target object, that is, the target object had a higher gray intensity value. If it could not meet this requirement, the image could be preprocessed to satisfy this condition. Minimization of the energy functional pushed the contour curve to the target edge, and this term in the energy function reached the minimum only when the target edge was achieved, resulting in a minimized fitting energy of the image.
The second term of the function was to ensure that the curve remained positive when the curvature was zero or negative, so that the curve moved toward the target under the force g(|∇I|) and evolution of the curve accelerated.
The third term guaranteed that |∇u| = 1 during the curve evolution, to keep the evolving contour close to the zero level set to avoid re-initialization.
δ function regularized ߜ ఌ as an approximation, and the correlated gradient descent flow was:
δ ఌ ሺuሻ was a positive selection of the derivative of the Heaviside function, and this selection was:
ε was a parameter used to control ߜ ఌ ሺ‫ݖ‬ሻ of the effective width, with high stability, adopting a large time step.
Image segmentation
The new hybrid level set method of image segmentation obtained the information of the outermost layer of the skull by an evolutionary convergence of the selected initial contour image. The information of the skull and the brain tissue was thus obtained after the removal of the unnecessary areas and redundant information.
The new hybrid level set method obtained information of the skull and brain tissue, as shown in Figure 2 , where (a) shows the initial contour selected by the level set; (b) shows the iteration result after the level set evolved 120 times; (c) shows the original CT image; (d) shows the image after the removal of redundant information. 
Only t informat outer con
The pr and brai inside th formed c skull im image w Figure 3 
Thre
The re obtain th prosthes mate pro
Resu

The im tion was sion of t age was expansio sults of a comp ) Skull defect o the skull and tion and inte ntours. rocessed ima n tissue info he skull and t closely with age was obta were Boolean .
ee-dimension
esult data wa he three-dime is for the sku osthesis mod ults ults obtained mage was se s obtained af the inner con Boolean cal on to obtain t 
Personalized molding manufacture of skull prosthesis
The skull CT image sequences were processed. The two-dimensional CT image sequences of the defected skull and two-dimensional image sequences of the prosthesis for skull defect repair were three-dimensionally reconstructed to obtain a high quality surface model. After verifying that the prosthesis effectively matched the original skull defect, the results of the surface data were output in RP format, as shown in Figure 5 . Finally, a personalized prosthesis that well matched the skull defect was produced by rapid prototyping. Hence, restoration of the patient's skull was accomplished, as shown in Figure 6 . 
Discussion
Skull defect reconstruction based on digital and rapid prototyping technology was highly praised by medical workers for its personalization, accuracy, and effectiveness. The model design of the prosthesis for skull defect repair directly determined the therapeutic effect of the skull defect restoration. In this study, a method for the prosthesis design was proposed by establishing a model according to the image information of the patient's own skull and brain tissue. Based on the image information of the patient's skull and brain tissue, this method extracted an integral contour of the patient's skull quickly and accurately by use of level set algorithm, which is capable of handling images with complex shape and changeable topology. This method differs from the method based on mirroring reconstruction, which assumes that information on the contralateral side of the skull is available. However, if the damage is over the midline of the skull or the image information of the contralateral side is incomplete, it is difficult to accomplish repair of skull defects by this method. Although the surface fitting method can be used to reconstruct prosthesis for defects of an asymmetrical skull, such reconstruction is a rough estimation based on the mathematical model rather than restoration based on image information of the patient's individual anatomy.
In this study, the skull prosthesis established by use of image data based on the patient's anatomy is closer to the actual shape of the patient's skull than that established by use of a template based on average data of the skull images.
This study proposed a new hybrid level set model for restoration of skull defects and tested this method with CT image data. Patients enrolled in this study all suffered from unusually large skull defects, which made it more difficult to design the prostheses. In this study, the prosthesis models were established by the proposed method, and the results showed that the prostheses prefabricated by rapid prototyping techniques based on the models established by introduction of brain tissue information well matched the skull defects. Such a method can provide highly personalized prostheses for skull defect repairs, exempting the necessity of multiple operations, and assuring a more natural looking reconstruction.
